This paper examines the effects of parental health on cognitive and noncognitive development in Australian children. The underlying nationally representative panel data and a child fixed effects estimator are used to deal with unobserved heterogeneity. We find that only father's serious mental illness worsens selected cognitive and noncognitive skills of children. Maternal poor health also deteriorates some cognitive and noncognitive outcomes of children of lone mothers only. Our results demonstrate that either failing to account for parent-child fixed effects or using child noncognitive skills reported by parents could overestimate the harmful impact of poor parental health on child development.
| INTRODUCTION
The last decades have seen increasing interests in cognitive and noncognitive development in children.
1 Much of this work has been motivated by the relationship between cognitive and noncognitive development and a wide range of outcomes over the life course (Heckman, Stixrud, & Urzua, 2006) . Recently, researchers have begun to explore the degree to which poor parental health interferes with child educational outcomes (Alam, 2015; Bratti & Mendola, 2014; Senne, 2014) . This paper builds on these topics to estimate the effects of parental health on cognitive and noncognitive development in children. Our focus on the impact of parental health on child development is also influenced by a growing literature documenting persistent intergenerational transmission of socioeconomic status (Black & Devereux, 2011) . As low socioeconomic parents experience a higher probability of negative health shocks than more advantaged counterparts, a more robust link between parental health and child development could shed light on one channel through which disadvantage is transmitted across generations. Although it is straight forward to obtain a magnitude of correlations between parental health and child development, identifying the causal impact of parental health is more challenging. It is well documented that this is in part due to problems of unobservable individual heterogeneity correlated with both parental health and child development, such as genetic endowments common to the parent and the child or the parent's discount rate (Ahlburg, 1998; Black & Devereux, 2011) and reverse causality (whether parental health affects child development or vice versa). In the absence of a natural experiment, one common approach to address the unobservable individual heterogeneity is to use an individual fixed effects (FE) estimator. So far, a few papers 1 In the child development literature, cognitive skills are often measured by IQ tests or achievement tests. "Noncognitive" skills are therefore used to describe the personal attributes not thought to be measured by IQ tests or achievement tests. Noncognitive skills have been described under different names, including soft skills, personality traits, noncognitive abilities, character skills, and socioemotional skills (Heckman & Kautz, 2013 ).
have employed a child FE estimator to deal with unobserved heterogeneity when examining the impact of parental health on child education in the context of developing countries (Alam, 2015; Bratti & Mendola, 2014; Senne, 2014) . However, socioeconomic environments in developed countries are appreciably different from that in developing countries. As such, effects of poor parental health on child development may not be the same in countries with different development levels (Gertler, Levine, & Ames, 2004; Wagstaff, 2007) .
Using unusually rich information from five waves of the nationally representative Longitudinal Survey of Australian Children (LSAC) in combination with the National Assessment Program -Literacy and Numeracy (NAPLAN) datasets, we estimate the effects of parental health on child cognitive and noncognitive development of Australian children. Our study makes two important contributions to the research into the impacts of parental health on child development for Australia and worldwide. First, this paper is the only study to date to apply a child FE estimator 2 to study the impact of parental health on child development in the context of a developed country such as Australia. Possibly due to the nature of datasets used in previous literature, all studies using datasets from developed countries have not been able to effectively address the unobserved heterogeneity issue (Frank & Meara, 2009; Morefield, 2010; Mühlenweg, Westermaier, & Morefield, 2015; Nghiem, Nguyen, Khanam, & Connelly, 2015; Propper, Rigg, & Burgess, 2007; Yamauchi, 2010) . In our data, we observe parental health and child cognitive and noncognitive development indicators at multiple occasions, enabling us to employ a child FE method to deal with unobserved heterogeneity to present more robust estimates of parental health on child development. Second, this paper also makes a methodological contribution by showing how the estimates of parental health on child noncognitive skills are sensitive to who provides the assessment (Cunha & Heckman, 2008; Cunha, Heckman, & Schennach, 2010; Johnston, Propper, Pudney, & Shields, 2014a; Johnston, Propper, Pudney, & Shields, 2014b) . All existing studies into the impact of parental health on child noncognitive skills use child noncognitive skills evaluated by parents (Frank & Meara, 2009; Morefield, 2010; Mühlenweg et al., 2015; Nghiem et al., 2015; Yamauchi, 2010) . One concern regarding such measures is that they may be dependent on parental health (De Reyes & Kazdin, 2005; Richters, 1992) , which may result in a biased estimate of parental health from the child development equations. Our data also contain child noncognitive skills reported by teachers, whose evaluations are arguably not subject to parental health status. We compare regression results using evaluations from parents and teachers and examine the implications for estimates of parental health impact on child noncognitive skill development.
Using the LSAC data and a child FE method, we find that only paternal serious mental illness hinders selected cognitive and noncognitive development in children. Maternal poor (both mental and general) health also worsens some cognitive and noncognitive development in children of single mothers only. Also, our results indicate that either failing to account for parentchild unobserved heterogeneity or using noncognitive skills reported by parents could overestimate the adverse effect of poor parental health on child development.
The paper unfolds as follows: Section 2 discusses the related literature, whereas Section 3 describes our data. Section 4 describes our empirical models, and Section 5 presents the results. Section 6 presents the robustness checks, and Section 7 examines heterogeneous effects. Section 8 concludes the paper.
| LITERATURE REVIEW
This paper studies the effects of parental health on child development. Therefore, it relates to a very rich history of literature devoted to examining the intergenerational transmission of a number of factors, such as education, income, and health (Black & Devereux, 2011; Cobb-Clark & Nguyen, 2012) . 3 However, this paper is more closely connected to a small, yet growing area of literature focused on the relationship between parental health and child development. Although research is limited, studies have provided evidence on a relationship between parental health and child development. This relationship has been identified within a number of countries with different development levels, from developing countries (Alam, 2015; Bratti & Mendola, 2014; Cas, Frankenberg, Suriastini, & Thomas, 2014; Case & Ardington, 2006; Gertler et al., 2004; Senne, 2014; Sun & Yao, 2010) to developed countries (Frank & Meara, 2009; Johnston, Schurer, & Shields, 2013; Morefield, 2010; Mühlenweg et al., 2015; Propper et al., 2007) .
2 In our data, we observe only one child per household, so child FE, parent FE, and child-parent FE approaches are equivalent.
3 There is also a large collection of literature relating to the effects of parental neonatal health on a wide spectrum of child later life outcomes, such as human capital development, wages, and health (Currie, 2009; Haveman & Wolfe, 1995) . The existing literature tends to reach a consensus that poor neonatal health of parents has negative effects on socioeconomic and health outcomes of their children later in life. This paper differentiates from this literature by examining the effects of parental concurrent health instead of past health. It is also related to a seemingly separate literature of intergenerational transmission of health (Johnston et al., 2013; Le & Nguyen, 2015) . For a recent review of this literature and evidence on the impact of parental health on child physical health measures, see, for example, Le and Nguyen (2015) .
Research has also utilised various parental health measures, including subjective general health (Bratti & Mendola, 2014; Mühlenweg et al., 2015) , mental health (Bratti & Mendola, 2014; Farahati, Marcotte, & Wilcox-Gök, 2003; Frank & Meara, 2009) , negative health events (Alam, 2015; Johnson & Reynolds, 2013; Morefield, 2010) , and death (Adda, Björklund, & Holmlund, 2011; Cas et al., 2014; Chen, Chen, & Liu, 2009; Evans & Miguel, 2007; Senne, 2014; Yamano & Jayne, 2005) . Furthermore, a number of child development outcomes have also been studied, including cognitive skills (Frank & Meara, 2009; Morefield, 2010) , noncognitive skills (Frank & Meara, 2009; Morefield, 2010; Mühlenweg et al., 2015) , school participation (Alam, 2015; Farahati et al., 2003; Frank & Meara, 2009; Johnson & Reynolds, 2013) , and health (Johnston et al., 2013; Propper et al., 2007) .
Due to a complete lack of suitable instruments, studies in this area have used two main strategies to address the possible endogeneity of parental health in the child development equations. The first approach tries to limit the impact of unobservable individual heterogeneity by using a rich set of child and parent characteristics (Morefield, 2010; Mühlenweg et al., 2015) . The second approach takes advantage of panel data and controls for time-invariant unobservable characteristics using an FE estimator. Following this path, some studies (Chen et al., 2009; Frank & Meara, 2009 ) have exploited differences in educational outcomes between siblings to remove unobserved differences (such as parental characteristics or family backgrounds) between siblings in a family FE estimator. However, this identification approach is challenged by an often observed pattern that children of the same parents may differ in observed or unobserved characteristics and parents may adjust their investment in order to compensate or reinforce their effects on child development (Figlio, Guryan, Karbownik, & Roth, 2014 ). Instead, the child FE approach addresses the above concern by removing differences among individual children. Possibly due to data constraints, so far, only a handful of studies (Alam, 2015; Bratti & Mendola, 2014; Cas et al., 2014; Evans & Miguel, 2007; Senne, 2014; Yamano & Jayne, 2005) have employed a child FE estimator, with all of these studies using datasets from developing countries.
Regardless of the dataset and empirical methods used, existing evidence points to harmful effects of poor parental health on almost all child development outcomes considered. Empirical evidence has also suggested that the effects may not be homogenous. For example, although some studies document larger effects on school enrolments of girls than boys (Farahati et al., 2003; Senne, 2014; Sun & Yao, 2010; Yamano & Jayne, 2005) , a U.S. study by Morefield (2010) reports that poor maternal health has more harmful effects on noncognitive skills of sons than daughters. Some studies also report a larger effect for younger children (Senne, 2014; Sun & Yao, 2010) or children in poorer families (Senne, 2014; Yamano & Jayne, 2005) . Studies into both paternal and maternal health have returned mixed results with some finding maternal health impacts more than paternal health (Bratti & Mendola, 2014; Case & Ardington, 2006; Chen et al., 2009; Evans & Miguel, 2007; Mühlenweg et al., 2015) but others found only paternal illness matters (Alam, 2015) or little difference based on the gender of the child or the parent (Gertler et al., 2004) .
Australian studies have reported an association between maternal health and child development. For example, Yamauchi (2010) and Nghiem et al. (2015) both used LSAC-K cohort data. However, Yamauchi (2010) used data from the first wave of the LSAC-K cohort when the children were 4 or 5 years old; finding mothers with better mental health are more likely to have children with better cognitive and noncognitive outcomes, particularly noncognitive outcomes. By contrast, Nghiem et al. (2015) used data from the first four waves, focusing on outcomes of 8-to 11-year-old children. They returned contradictory results to Yamauchi (2010) , finding that, in general, maternal health is not statistically significantly associated with child cognitive development. Although this study (i.e., the current paper) uses the same LSAC data to examine the impact of parental health on child outcomes as the previous two Australian studies, it improves upon these studies in three important dimensions. First, this study employs the child FE approach to account for child time-invariant unobservable characteristics whereas the previous Australian studies could not control for the child FE. 4 Second, this study uses noncognitive skills reported by parents and teachers whereas the two Australian studies only used noncognitive skills reported by parents. Third, this study uses more recent waves of data than the previous Australian studies. . In this study, we focus on 4,983 children of K-cohort because measures on child development are more widely available for this cohort in the first five waves of the survey. Our current data thus allow us to study the subject during key developmental years of children, from preschool (4 or 5 years old) to early secondary school (12 or 13 years old).
| Measures of parental health
Three parental health measures are used in this study. The first measure is based on the Kessler 6 (K6) scale of psychological distress. The K6 was based on self-reported responses to six items, which ask each parent about symptoms of depression or anxiety experienced in the past 4 weeks. It uses a five-level response scale that ranges from all of the time (1) to none of the time (5). The six questions asked are "In the past 4 weeks, how often did you feel…": (1) Nervous; (2) Hopeless; (3) Restless or fidgety; (4) Everything was an effort; (5) So sad couldn't cheer up; and (6) Worthless. The sum of the scored responses to the six questions is used to generate a single score of psychological distress. The summed score ranges from 6 to 30, with higher scores indicating better mental health. K6 validation studies were carried out in a number of countries throughout the world (Kessler et al., 2010) , including Australia (Furukawa, Kessler, Slade, & Andrews, 2003) . These studies uniformly found the K6 to have very good concordance with independent clinical ratings of mental health. For the sake of interpretation and consistency with other parental health measures used in this study, we use a reversed K6 score where a higher score indicates a worse mental health level.
Although the K6 has been proven to be a high quality measure of mental health, concerns have been raised that as a subjective measure, it may be prone to a self-reporting scale bias.
5 To address such a concern, we use a binary indicator that takes the value of 1 if the mother (or father) was depressed for 2 weeks or more in the year prior to the survey time and 0 otherwise.
6
In addition to the two above mental health measures, we also use a general health measure reported by each parent to indicate parental health states. Specifically, responses to the question "In general, would you say your own health is: 1 Excellent; 2 Very good; 3 Good; 4 Fair; 5 Poor" are used to construct a general health measure with higher values of this measure indicating worse subjective general health.
In this paper, we use all parental health measures available in our dataset. These measures while being subjective 7 are commonly used in empirical research using survey data because they are found to be a strong predictor of true physical or mental health (Contoyannis, Jones, & Rice, 2004; Doiron, Fiebig, Johar, & Suziedelyte, 2015; Kessler et al., 2010; Nielsen, 2016; Vaillant & Wolff, 2012) . As already mentioned in Section 2, possibly due to data limitations, some studies in this literature also use parental health measures similar to ours (Alam, 2015; Bratti & Mendola, 2014; Frank & Meara, 2009; Mühlenweg et al., 2015) .
| Measures of child cognitive development
Three indicators of the latent cognitive development of children are used in this study. 8 The first indicator is drawn from results of the NAPLAN test. All Australian students are required to complete the NAPLAN test in grades 3, 5, 7, and 9 in the five domains of reading, writing, spelling, grammar, and numeracy. The test scores range from 0 to 1,000 and are comparable across the nation and overtime (ACARA, 2014) . The NAPLAN test results of children were collected via data linkage with LSAC data (Daraganova, Edwards, & Sipthorp, 2013) . At the time of this study, the linkage data for LSAC were mainly available for students in grades 3, 5, and 7. We thus focus on test results at these grades and use results of all test subjects in order to measure the cognitive development of children. Because the NAPLAN test dates and LSAC survey dates are not the same, test results and survey data are merged in the way that test results are not predated by survey data. This matching exercise ensures that NAPLAN test scores in grades 3, 5, and 7 are merged with survey data in waves 2, 3, and 4, respectively. Two additional indicators to measure the cognitive development in children are drawn from the Peabody Picture Vocabulary Test (PPVT) and Matrix Reasoning (MR) tests. The PPVT is an interviewer-administered test to assess a child's listening comprehension ability for spoken words in standard English (Dunn & Dunn, 1997) . The MR test is also administered by an interviewer to assess a child's nonverbal intelligence. The raw MR score is presented as the number of correct answers, ranging from 0 to 20. PPVT and MR test scores have been used widely to proxy child cognitive development in economics literature (Fiorini & Keane, 2014; Nghiem et al., 2015) . Our current data include PPVT scores in waves 1-3 and MR in waves 2-4.
| Measures of child noncognitive development
Measures of child noncognitive skills are derived from the Strengths and Difficulties Questionnaire (SDQ). The SDQ is a standard psychometric measure of children's behaviour and socioemotional skills (Goodman, 1997) and is widely used in psychopathological screening (Achenbach et al., 2008; Goodman & Goodman, 2009 ). The SDQ contains five subscales: prosocial behaviour (hereafter called Prosociality), hyperactivity and inattention (Hyperactivity), emotional symptoms (Emotional), conduct problems (Conduct), and peer-relationship problems (Peer). Each SDQ subscale is scored as the summation of the item scores on each of the five subitems and then rescaled to give values from 0 to 10. For ease of interpretation, we have rescaled the SDQ measures so that higher SDQ scores indicate "better" behaviours.
We follow some studies in this literature, including Australian studies, which use the same dataset and similar child development outcomes as ours (Fiorini & Keane, 2014; Nghiem et al., 2015) or U.S. studies, which use an apparently similar set of outcomes to ours (Cunha & Heckman, 2008; Morefield, 2010) , to name measures derived from the SDQ as "noncognitive" outcomes. However, some studies in this literature call such measures differently, namely "behavioural outcomes" (Frank & Meara, 2009; Mühlenweg et al., 2015; Yamauchi, 2010) , "social-emotional development" (Frijters, Johnston, Shah, & Shields, 2009) , or "mental health" (Johnston et al., 2014a) . The fact that this literature uses different terms for a largely similar set of skills is consistent with that in the larger literature on noncognitive development, which also finds it difficult to identify and define such skills (Heckman & Kautz, 2013 ).
Our measures of child noncognitive development are similar to those used in studies for Germany (Mühlenweg et al., 2015) and the United States (Frank & Meara, 2009; Morefield, 2010) . Possibly due to the nature of datasets used in international studies, all existing studies use noncognitive skills reported by parents (mostly mothers). Australian studies (Nghiem et al., 2015; Yamauchi, 2010) using the LSAC data also use noncognitive skills reported by parents. One concern regarding such measures is that they are subjective and might be influenced by the parents' own health. A possible consequence of using such measures would be a biased estimate of parental health from the child noncognitive skill equations. Fortunately, our data contain responses to the same set of the SDQ identifying child behaviours administered separately to parents and teachers, roughly at the same time and repeatedly for children at school. 9 This allows us to directly compare evaluations from parents and teachers and examine the implications for the estimate of parental health on child behavioural outcomes. Teachers' reports on the SDQ are our preferred measures of children's noncognitive skills because their reports may not be subject to the health condition of parents. We therefore focus on SDQ scores reported by teachers. For comparison purposes with previous research, which only use parents' reports of children behaviours, we also report the results of the SDQ scores reported by parents. Such as cognitive skill measures rather than NAPLAN test scores, we make up to five observations of noncognitive skills for each child by ages of children in our data. The presence of too many outcome variables increases the risk that we may find spurious effects. We address this multiple inference issue in two ways. First, we reduce the number of outcome measures by generating summary indices. Particularly, we form two summary indices of cognitive and noncognitive skills. We still differentiate between cognitive and noncognitive skills and components of each skill type in line with most of the previous literature (Cunha & Heckman, 2008; Cunha et al., 2010; Fiorini & Keane, 2014; Mühlenweg et al., 2015; Nguyen, 2015) . The summary index is the simple average across all available 9 Precisely 98% of the child's teacher's questionnaires were completed by the child's main teacher. Furthermore, although parents' reports are available for almost all children in our main sample, teachers' reports are available for about 80% of children. It should be noted that cognitive outcomes such as NAPLAN scores are less likely to be subject to measurement errors because test papers are blind marked and test scores are linked using administrative data.
measures of each type of skills.
10 Second, we calculate p values that are adjusted for the multiple inference issue using the Simes-Benjamini-Hochberg method (Benjamini & Hochberg, 1995; Simes, 1986) . 11 Both approaches are increasingly used in economics (Anderson, 2008; Heckman, Moon, Pinto, Savelyev, & Yavitz, 2010; Hoynes, Schanzenbach, & Almond, 2016; Kling, Liebman, & Katz, 2007) .
| Sample
In our analysis, we concentrate on K-cohort children because child development measures are more widely available for them. Furthermore, because we are interested in the impact of both maternal and paternal health, we restrict the sample to children who lived with both parents during the study period. This sample restriction also helps isolate the impact of parental health from that of parental separation and reduces the number of observations with missing information on important characteristics of both parents (mostly fathers). Nevertheless, some results for single mothers are provided in Section 7. We further restrict our sample to children without missing information on a list of important explanatory variables (as detailed in Section 4). Finally, because we will focus on results estimated using a child FE estimator; we necessarily restrict our sample to children who were observed at least twice in the data. Our above sample restrictions result in final samples, which vary by measures of child development and parental health. As can be seen in Tables 1-3 , our final sample sizes range from 3,786 wave-child observations (of 1,893 unique children) to 9,843 wave-child observations (of 2,774 unique children).
There are a variety of reasons that individuals may enter or exit the final sample, including original sample attrition, missing information on important variables, and the fact that we must observe an individual child at least twice to apply the FE regression technique. Although reasons for original sample attrition are discussed elsewhere (Daraganova et al., 2013) , we investigate whether our sample selection criteria lead to sample selection issues. One of the particular concerns relating to our research design is that parental health may affect the probability that an individual child is included in the final sample. Thus, we run a probit model where the dependent variable is equal to 1 if the child is in our sample and 0 otherwise. The explanatory variables are basic demographic characteristics, including parental health variables. Appendix Table A3 presents the results. There is evidence of statistically significant selection on some observables. For instance, children in our sample tend to come from families with better educated or healthier parents. However, the pseudo R 2 values are small, indicating that selection on observable characteristics is quantitatively weak. More importantly, in four out of five regressions, p values from a t test for joint significance of all parental health variables included in the regression are greater than 0.1, alleviating concern that our results may be driven by sample selection.
| EMPIRICAL FRAMEWORK

| Theoretical backgrounds
Theoretically, this study is motivated by various child development frameworks (Becker & Tomes, 1979; Cunha & Heckman, 2007; Cunha et al., 2010; Heckman, 2007) , which link skill formation in children to parental capacities and parental investments in child development. According to these frameworks, one would expect that poor parental health affects child development through several channels. For example, poor parental health may reduce income, reduce household wealth, or reduce the quantity or the quality of time parents spend with their children. Poor parental health may also directly worsen the health of children or reduce the child's time diverted from study to take care of parents (Currie, 2009; Fiorini & Keane, 2014) . The above theoretical grounds suggest that poor parental health reduces good development outcomes in children. However, there are some suggestions that the impact may originate from the opposite direction. For instance, poor health may cause parents to reduce their labour market working time and hence increase their time with their children (Cai, 2010) . Furthermore, children of parents with poor health may also try to improve their test scores or behaviours to make their parents happy. The combining effects of those factors thus leave the impact of parental health on child development to be an empirical issue. 
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| Empirical models
In practice, we lack suitable instruments and data to specifically identify which channel prevails. As such, most empirical studies focus on the estimation of the cumulative impact via all pathways using a reduced form model in which parental health is included as an explanatory variable in the child development equation. We therefore follow the previous literature to estimate the development outcome Y of child i at time t as follows:
where MH (FH) is a measure of maternal (paternal) health, which we measure in different ways; X it is a vector of individual characteristics; ε it represents an error term; α , β, and γ are parameters to be estimated; and β m and β f are our parameters of interest. With our above coding of parental health and child development measures, a negative estimate of any parental health measure indicates that worse parental health is associated with lower levels of child development and vice versa. We include in X it a rich list of factors contributing to the child development such as the child's characteristics (i.e., gender, age, migration status, ethnicity, birth weight, school sectors, and number of siblings), parental characteristics (i.e., age, education, and migration status), and indicators of neighbourhood characteristics. 12 We also control for the differences in the survey time by including dummies for years and quarters of survey time in regressions. We additionally include state (location) dummy variables to control for differences in socioeconomic environments by states or territories. We further address the issues of children sitting the NAPLAN test in different years for the same grade by using information both on the age of children at the year they sat the test and dummy variables for the test year. We apply Equation 1 to a pooled sample of all children and use an ordinary least squares (OLS) method to estimate all equations. Results from these regressions are called OLS results. As already mentioned in Section 1, the error term ε it in Equation 1 contains child-parent time-invariant unobserved characteristics δ i . Some of them (such as parental discount factor or ability) may be correlated with both the parental health and child development, causing the OLS estimate to be biased. We employ a child FE estimator to eliminate the role of δ i in the following regression:
where μ it is an idiosyncratic error term. We also apply the OLS method to estimate the regression 2 and name the results as FE results. 13 In all regressions, standard errors are clustered at the individual level to account for the fact that each child has up to five observations, one for each age or grade in which he or she was evaluated.
| EMPIRICAL RESULTS
| Parental health and child cognitive development
Estimates of parental health from child cognitive development equations are presented in Table 1 . Table 1 reports the estimates from two alternative specifications (OLS vs. FE), using three alternative measures of parental health, seven child cognitive skill indicators, and a summary index of child cognitive skills. The OLS results (odd columns in Table 1) show that estimates for all parental mental health measures are not statistically significantly different from 0, suggesting that parental mental health does not affect child cognitive development. Similarly, estimates of the general health measure of both parents (last panel of Table 1) are not distinguishable from 0, indicating that cognitive development in children is not affected by their parents' general health either. Two exceptions, estimates of maternal general health on the child's writing and spelling scores, are negative and statistically significant (at least at the 5% level, using unadjusted standard errors reported immediately below coefficient estimates), suggesting that children of mothers with poor general health may have lower test scores in these two test domains. Accounting for the multiple inference problem turns the estimate of maternal general health on the child's writing to statistically insignificant (see adjusted p values reported in curly brackets below each skill component).
12 Local variables include percentages of individuals completing year 12, working, speaking English, being born in Australia or having an Aboriginal or Torres Strait Islands origin in linked areas, percentages of households with household income less than AU$1,000 per week in linked areas, and a metropolitan dummy.
13 All time-invariant variables such as gender, birth weight, and migration status are dropped in the FE estimator. Variable descriptions and summary statistics are detailed in Appendix Table A1 . Appendix Table A2 shows that parental health measures are highly statistically significantly correlated. Similarly, child development measures are statistically significantly correlated. However, the correlation is not very high in magnitude, suggesting that each measure may capture a different aspect of parental health or child development.
The FE estimator also turns the estimates of maternal general health on the child's writing and spelling scores to statistically insignificant (see even columns in Table 1 ). The only negative and statistically significant (at the 5% level) FE estimate is that of the maternal depression dummy on reading test scores. This estimate suggests that children of mothers who reported having been depressed have reading scores of about 6 points lower than children of mentally healthy mothers. In addition, the p value of a t test for the equality of the estimates of paternal and maternal mental health dummies in the reading score equation suggests that these estimates are statistically different at the 10% level. By contrast, FE estimates (without controlling for the multiple inference problem) suggest some positive and statistically significant (at the 5% level or lower) association between poor parental health and child cognitive skills: paternal mental (general) health on PPVT (grammar) and all maternal health indicators on MR. However, accounting for the multiple inference problem, none of the above FE estimates is statistically significant. The above results suggest that failing to account for parent-child FE would result in an overestimation of the harmful effects of poor parental health on child cognitive development. Overall, our preferred FE estimates suggest that poor parental health does not impair cognitive skills in children.
| Parental health and child noncognitive development
| Child noncognitive skills reported by parents
We next turn to estimates of parental health on child noncognitive skills. We first follow the previous literature (Frank & Meara, 2009; Morefield, 2010; Mühlenweg et al., 2015) in using child noncognitive skill measures reported by parents and present OLS estimates of our three parental health measures from various child noncognitive skill regressions, shown in the odd columns of Table 2 .
The OLS estimates reveal two noticeable patterns. First, poor parental health is negatively and highly statistically significantly (at the 1% level) associated with good behaviours of children. The above pattern holds for all health measures of either mothers or fathers and for all noncognitive skills in children, regardless of whether the multiple inference issue is accounted for. This pattern suggests that children of parents with poorer health consistently appear to have less desirable behavioural outcomes, a finding that is in line with that reported in the previous studies for Australia (Yamauchi, 2010) , Germany (Mühlenweg et al., 2015) , and the United States (Frank & Meara, 2009; Morefield, 2010) . Second, as compared to the estimates of maternal health, those of paternal health are much less pronounced in terms of the magnitude. For example, the first column of Table 2 shows that, depending on parental health measures, the estimates of maternal health on the overall noncognitive scale are about 2 or 3 times greater than that of paternal health. Indeed, the p value of a t test for the equality of the estimates of paternal and maternal health variables (reported at the bottom of each panel in Table 2 ) confirms that these estimates are statistically different at the 1% level for the vast majority of child noncognitive skill measures (exceptions are estimates of the parental depression dummy and general health measure on the Prosociality). Our finding from the OLS estimates of a more detrimental impact of maternal poor health on child behaviours is thus consistent with that reported in the study by Mühlenweg et al. (2015) for German children aged 3-6 years. 14 In Table 2 (even columns), we also report estimated results from our preferred FE specifications. The FE estimates show that controlling for child FE changes the results noticeably. In particular, the FE estimates are much smaller than OLS estimates in terms of the magnitude and statistical significance level. Specifically, controlling for child heterogeneity at least halves the size of the estimates of parental health measures. Accounting for child FE also turns the estimates of parental health from highly statistically significant to less statistically significant (such as estimates of maternal depression dummy on Hyperactivity) or statistically insignificant (e.g., estimates of paternal K6 on all child noncognitive skill measures) for more than a half of the combinations between parental health and child noncognitive skill measures. The calculations of the adjusted p values from Table 2 suggest that the above results hold up after accounting for the multiple inference problem. Overall, the above comparisons between OLS and FE estimates suggest that failing to account for the child FE would overestimate the detrimental impact of poor parental health on child noncognitive development. This finding gives support to our empirical approach, which effectively controls for child-parent time-invariant unobserved characteristics. One of the unobserved characteristics of parents would be their discount rates. Parents with lower discount rate have a more risky life style and hence worse health and also invest less in child development (Lawless, Drichoutis, & Nayga, 2013) . As a result, the simple OLS estimate, which fails to account for this unobserved parental characteristic, overestimates the adverse impacts of poor parental health on child development. Table 2 also indicate that controlling for child FE while reducing the detrimental effects of maternal and paternal poor health tends to have more pronounced effects on estimates of maternal health. This is evidenced by changes in the results of a t test, which now show that differences in estimates of maternal and paternal health measures are no longer statistically significant for nine combinations of estimates of parental health and child noncognitive skill measures. These include estimates of the K6 on the Peer subscale and estimates of the depression dummy and general health on the overall noncognitive scale and its three subscales of Hyperactivity, Conduct, and Peer. The above differences between the OLS and FE estimates by parent gender suggest that failing to control for child FE may also result in misleading conclusions about the relative effects of paternal and maternal health on child noncognitive development. One possible reason for the changes in relative effects of paternal and maternal health is that in our case, as in all prior studies in this literature, almost all (99%) SDQ responses are by mothers and that maternal health itself may affect the way the mother reports the child's behaviour. Below, we investigate this prediction using the teacher's evaluation of the child's behaviour. Teacher's evaluations, arguably, do not depend on the health status of parents. Table 3 reports OLS (odd columns) and FE (even columns) estimates of parental health from various separate regressions of child noncognitive outcomes as reported by teachers. The OLS results indicate that poor parental health is associated with worse behaviours in children. However, estimates are statistically significant for some combinations of parental health measures and child noncognitive outcomes only. In particular, for maternal health, statistical significant estimates are observed for estimates of K6 on all noncognitive measures, estimates of the depression dummy on all noncognitive measures (except Prosociality), and estimates of general health on the overall noncognitive scale, Emotional and Peer. For paternal health, statistical significant estimates include those of K6 on all noncognitive skill measures, those of the depression dummy on all noncognitive skill measures (except Prosociality), and those of general health on all noncognitive skill measures (except Emotional).
Results in
| Child noncognitive skills reported by teachers
Comparing the magnitude of OLS estimates of paternal and maternal health variables on child noncognitive skills using evaluations from parents (Table 2 ) and teachers (Table 3 ) reveals an interesting pattern: although estimates of paternal health measures are quite similar in the two tables those of maternal health drop considerably from Tables 2, 3. Contrasting the results of a t test for the equality of the OLS estimates of paternal and maternal health variables in the child noncognitive skill equations from the two tables also uncovers an apparent pattern: Although Table 2 shows that maternal poor health has more harmful effects than paternal poor health, Table 3 suggests that effects are not statistically different from each other. 15 These two patterns when viewed with the fact that the vast majority of SDQ responses is by mothers convey an important implication: Mothers with worse health tend to overreport that their children have behavioural problems. This implication is consistent with the depression-distortion hypothesis and with its supporting empirical evidence in the psychology and medical literature, which suggests that depression promotes a negative bias in the way in which mothers perceive their children's emotional or behavioural problems (De Reyes & Kazdin, 2005; Richters, 1992) . 16 As such, using mothers' evaluations of child noncognitive skills would overestimate the harmful impact of poor maternal health on child noncognitive development and result in misleading conclusions about the relative effects of maternal and paternal health on such development outcomes. Table 3 shows that FE estimates are much smaller than OLS estimates in terms of the statistical significance level and magnitude. Specifically, when controlling for child FE, only a handful of estimates of parental health on child noncognitive skills are statistically significant at the 5% level or higher. These include estimates of maternal K6 on Hyperactivity, paternal K6 on Hyperactivity and Conduct, and paternal depression dummy on Hyperactivity and the noncognitive skill index. In addition, for estimates that remain statistically significant, FE estimates are at least about 25% smaller than OLS estimates. These findings again suggest that being unable to control for the child FE could overestimate the harmful effects of poor parental health on child noncognitive development. The calculations of the adjusted p values from Table 3 indicate that only the estimate of paternal depression dummy on Hyperactivity remains statistically significant (at the 5% level) after accounting for the multiple inference problem. Thus, accounting for both individual heterogeneity and the multiple inference problem, only the paternal depression dummy appears to worsen the child noncognitive skills (as measured by the noncognitive skill index and Hyperactivity).
Table 3 also suggests that controlling for child FE appears to have similar impact on the estimates of paternal and maternal health measures. Indeed, consistent with results of a t test from the OLS regressions, test results from FE regressions also sug-gest that effects of maternal and paternal health are not statistically significantly different. 17 The similarity of the test results from the two specifications suggests that teachers' evaluations of their students' behaviours in our data may be truly independent of parental health status.
| Discussion
In the above results, using our preferred FE specifications and measures of child noncognitive skills, we found little evidence supporting the proposition that poor parental health worsens cognitive and noncognitive development in children. If poor cognitive and noncognitive development eventually results in early school dropout as found in the literature (De Witte, Cabus, Thyssen, Groot, & van den Brink, 2013), our findings are in stark contrast to the finding of a negative effect of poor parental health on the child's school participation probability reported in six prior studies, which use a similar child FE approach (Alam, 2015; Bratti & Mendola, 2014; Cas et al., 2014; Evans & Miguel, 2007; Senne, 2014; Yamano & Jayne, 2005) . Differences in parental health measures used among studies could be a possible reason for differences in our findings. Our measures of poor parental health are obviously much less traumatic than parental death as used in four out of six of the above studies.
18 As such, the impact would be less severe in this study than in the previous ones. However, the following three observations make this prediction less likely to hold. First, using a largely similar set of parental health measures 19 as ours, Bratti and Mendola (2014) find that poor maternal health statistically significantly reduces the probability of attending school for children from Bosnia and Herzegovina. Second, using data from Tanzania and probably a more severe measure of poor parental health than ours, 20 Alam (2015) also finds that fathers' illness reduces the probability of attending school for children aged 7-15 years old. Third, because child development measures are more continuous in this study than in all the above six studies, it is easier to detect an effect in the former. These three observations also suggest that other factors are behind the differences in findings. One such factor would be differences in the children's socioeconomic environment. As compared to the developing countries examined in all six above-mentioned studies, Australia, as a high-income country, has a better system of social protection. It has been evidenced that in countries with poor systems of social protection, ill health may have significant economic consequences for both current and future generations (Gertler et al., 2004; Wagstaff, 2007) . Therefore, we may expect a less detrimental impact of poor parental health on child education in Australia than in developing countries. This prediction is supported by evidence from two U.S. studies (Frank & Meara, 2009; Morefield, 2010) reporting no significant impact of poor maternal health on child cognitive development. Our finding of little significant effect of poor parental health on child noncognitive development is also different from a universal finding in prior research of a harmful effect (Frank & Meara, 2009; Morefield, 2010; Mühlenweg et al., 2015; Yamauchi, 2010) . Because these studies (including the current study) use largely similar measures of parental health and child noncognitive skills, and datasets from developed countries, factors other than differences in variable measurements or socioeconomic environments may explain the difference in our findings. Our analyses in subsection 5.2 suggest that the difference in the findings can be mainly attributed to the differences in capacities to control for child FE and the use of more objective measures of child noncognitive skills. In what follows, we will use child noncognitive skills evaluated by teachers as well as the FE specification.
6 | ROBUSTNESS CHECK S
| Threats to identification assumptions
There are a number of issues that challenge our FE identification assumptions. The first threat is a lack of variation in parental health variables. Three following observations suggest that such a threat may not be present in our data. First, Appendix Table A1 (last column) shows large variations in parental health variables for the same child. Second, the estimates for standard errors (reported in square brackets in Tables 1-3) are about the same between pooled and FE regressions, indicating that insufficient variation in parental health variables is indeed not a problem for our data (Allison, 2009) . Third, unreported F test statistics confirm that FE models are preferred to OLS models in all cases.
The second threat is the omission of time-variant factors, which are correlated with both parental health and child development. It is hard to pinpoint what these unobservable factors might be. Bratti and Mendola (2014) suggest that the child's health status could be one such unobservable factor. Current child development literature also suggests that parental working status, household income, and other negative events happening to other family members may be important factors because they are correlated with parental health and child development (Currie, 2009) . 21 In this section, we test the robustness of our results to the inclusion of these variables by adding each of them separately to the existing list of explanatory variables used in our baseline regressions. Unreported results from these robustness checks show that estimates for parental health measures are unchanged, suggesting that our findings are not sensitive to including further time-variant observable variables. The third threat to our FE identification is that of reverse causality. One could anticipate that given some negative shocks in child development parental health would worsen. As such, what we estimate as effects of parental health on child development is simply capturing this reverse causality between parental health and child development. One popular method to alleviate some of the concern over reverse causality is to use lags of parental health measures in the regressions of child development (Johnston et al., 2013) . In our study, as mentioned in Section 3, parental health is recorded before some child development outcomes (such as all NAPLAN test scores) are observed. Such time arrangement helps mitigate some of the concern over reverse causality. Additionally, we alleviate some of the concern by testing whether each current child development outcome affects the future health status of each parent. The results (reported in Appendix Table A4 ) do not indicate any significant correlation, suggesting that our results may not be driven by reverse causality.
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Finally, we address the second and third threats by employing an FE instrumental variables (FE-IV) model, which is identified by time-variant sources of arguably exogenous variations in maternal mental health to estimate a causal impact of maternal mental health shocks on child development. In particular, we follow some previous studies to use the death of a close friend of the mother (Frijters, Johnston, & Shields, 2014; Johnston et al., 2014a; Le & Nguyen, 2015) and a recent serious injury of a close relative (not a parent, partner, or child) of the mother (Heitmueller, 2007; Nguyen & Connelly, 2014; Van Houtven, Coe, & Skira, 2013) as two instruments in maternal mental health equations. 23 These instruments affect about 34% of mothers in our sample, vary for the same mother overtime, and are shown to strongly determine maternal mental health (Kendler, Karkowski, & Prescott, 1999) . These instruments are also theoretically sound: The (arguably unexpected) recent death of a close friend or serious injury or illness of a close relative should directly affect the mother's mental health, but only indirectly affect her child's development through the maternal mental health channel. FE-IV estimates are reported in Appendix Table A5 . Two results from FE-IV regressions suggest that our instruments are empirically strong. First, the first-stage F statistic is close or above the rule of thumb value of 10 for a strong instrument (Stock & Yogo, 2005) . Second, the Sargan-Hansen statistic for over identification restrictions suggests that our instruments are exogenous. Also, consistent with our FE estimates, all FE-IV estimates suggest that maternal depression has no detrimental impact on child cognitive or noncognitive skills.
| Functional forms of parental health and child development models
Above, we introduced parental health variables other than the depression status dummy as continuous because any arbitrary transformation of these variables could be controversial. Threshold effects of parental health on child development might exist. To test such a possibility, we use a dichotomous method. Specifically, we use a dummy indicating that the parent has probable serious mental illness if his or her reported K6 is lower than 19 (Furukawa et al., 2003; Kessler et al., 2010) . Similarly, following Bratti and Mendola (2014) , we define a dummy variable describing parental poor health if the parent reported his or her general 21 In our baseline specifications, we purposely did not include these variables because they are reasonably considered to be influenced by parental health. We use the death or illness of other household members other than the parents of the study child or the study child to represent a negative event happening to other family members. 22 Two exceptions are negative and statistically significant (at the 5% level) estimates of lags of Emotional (Conduct) on the current K6 (depression dummy) of mothers. 23 In LSAC data, parent 1 is asked "in the last year, have any of the following happened to you?" We use statements about "A close family friend or another relative (aunt, cousin, grandparent) died" and "A serious illness, injury or assault happened to a close relative" to construct the two instruments. We restrict this robustness check to maternal mental health variables only because these instruments are mainly available for them. We also implemented several robustness checks as suggested by Le and Nguyen (2015) and found that our results are largely robust. health condition as "fair" or "poor," compared to other choices of "good," "very good," and "excellent." In this specification, we also include an interaction term between maternal and paternal health to check for any joint impact of parental health.
Estimation results (reported in Appendix Table A6 ) show weak evidence of some thresholds on the impact of paternal K6 on selected child development outcomes such as numeracy, cognitive index, and Conduct. In particular, we find negative and marginally statistically significant (at the 10% level) estimates of paternal K6 depression dummy on these outcomes. Previously, using the continuous paternal K6 variable, we did not find any statistically significant impact of this variable on any child development outcome. The evidence of a threshold on the impact in paternal K6 found here when viewed with one of our previous FE findings that only the paternal depression dummy is statistically significantly associated with less desirable noncognitive skills in children (subsection 5.2.2.) suggests that a harmful effect on development outcomes is observed for children of fathers with probably more serious mental health issues only. However, the estimates of all interaction terms are statistically insignificant, suggesting there is no joint effect of parental health on child development outcomes.
Our FE results above indicate little contemporaneous impact of parental health on child outcomes. It would be possible that it may take time for parental health to have a visible impact on some child development outcomes. We investigate this possibility by including a one-wave lag of parental health in the FE regressions of current outcomes of children. Regression results (reported in Appendix Table A7) suggest that poor maternal health does not impair subsequent outcomes of children. By contrast, poor paternal mental health (as measured by the depression dummy) worsens some child subsequent noncognitive skills (as measured by the overall noncognitive skill index and its two components: Prosociality and Conduct).
We also estimate a model of child development similar to regression 2 with a lag of child development outcome as an additional explanatory variable in the spirit of a dynamic child development model (Cunha & Heckman, 2008; Cunha et al., 2010; Todd & Wolpin, 2007) . Because OLS is inconsistent in this case, we estimate the dynamic child development model by employing a system General Method of Moment estimator developed by Arellano and Bover (1995) and Blundell and Bond (1998) . 24 In addition to the existing list of controls described in subsection 4.2, we draw from the human capital theory (Becker, 1981; Becker & Tomes, 1986) by including other indicators representing parental investment in child development in this extended specification. These indicators include (a) parental labour supply and an out-of-home activities index 25 to capture the parental time investment in children (Currie, 2009; Fiorini & Keane, 2014) , (b) the log of family income to proxy for parental material investment in children (Currie, 2009) , (c) parenting styles 26 (Fiorini & Keane, 2014) , and (d) child general health status (Bratti & Mendola, 2014) . Estimation results (reported in the first row of Appendix Table A8) show that, with the exceptions of spelling and grammar outcomes, outcomes in the previous wave are a statistically significant determinant of all current cognitive and noncognitive skills. This result is in line with the dynamic theory of skill formation and with previous empirical evidence (Cunha et al., 2010; Todd & Wolpin, 2007) . Also, consistent with our previous FE results, estimates of parental health variables from the dynamic model of child development also suggest that poor parental health does not worsen child development outcomes.
| HETEROGENEITY
It is possible that the impact of parental poor health may be different for children of single parents because, unlike coupled parents, single parents lack the capacity to compensate for health issues of the other (non-coresiding) parents. To explore this possibility, we estimate the model (Equation 2) for a sample of children of single mothers.
27 Results (reported in 24 In a nutshell, the system General Method of Moment estimator uses a transform of differences in other control variables as instruments for the lag of the outcome variable. One potential issue with this approach is that there are too many instruments available and this can lead to overidentification problems. Unreported p values from a Sargan test are usually smaller than 0.1, suggesting that the overidentification issue may not be present in our case. Another potential issue with this estimator is that standard errors of estimates can be downward biased, and therefore, we employ the finite sample correction method proposed by Windmeijer (2005) in this study. 25 This is measured by the number of "yes" answers to questions about activities that the family do together, such as going to a movie, sporting event, library, or religious service. Our data also include information about the frequency of activities the family do together at home such as reading, games, or drawing pictures. Unfortunately, such information is inconsistent across waves so that we cannot include it in regressions. We do not include a more direct measure of parental time spent with children, such as that of Fiorini and Keane (2014) who use responses from children's time use surveys because doing so reduces the sample size significantly. 26 These include three parenting style scales: warm, hostile, and consistent (Lucas, Nicholson, & Maguire, 2010) . 27 The sample of children with single fathers is too small (i.e., less than 64 observations) for us to run a separate regression. We thank a referee for his or her comments, which have led us to employ this regression. We also experimented with running an FE-IV model to maternal mental health variables for a sample of children of single mothers. Because the instruments do not explain the maternal mental health variables very well, possibly due to the small sample size, results from this experiment are not reported.
Appendix Table A9 ) suggest that children of single mothers with worse health appear to have less desirable cognitive and noncognitive outcomes (as demonstrated by the negative and statistically significant estimates of both maternal mental health indicators on the noncognitive skill index and the estimate of maternal general health on the cognitive skill index). We also investigate heterogeneity in the impact of parental health by gender and age groups of children as well as the household income levels. Estimation results (reported in Appendix Tables A10 to A16) suggest no clear differential impact by such  characteristics. 28 Similarly, there is no clear indication that the parental mental health impact is different between entering versus exiting from depression (see Appendix Table A17 ).
| CONCLUSION
Drawing on the recent and nationally representative panel of Australian children, we have examined the effects of maternal and paternal health on cognitive and noncognitive development of children over 10 years in their early lives. This study improves on most previous research by using a child FE approach to deal with the endogeneity of parental health and better measures of child noncognitive skills. Results from this paper have highlighted two important methodological implications. First, failing to control for the child-parent unobservable characteristics may result in an overestimation of the detrimental impact of poor parental health on child development. Second, using noncognitive skills reported by parents could also overestimate the harmful effect of poor parental health on child noncognitive development.
Our preferred results indeed indicate detrimental effects of poor parental health on selected cognitive and noncognitive skills of children. However, our results suggest that such harmful effects are only observed for children of fathers with more serious mental illness or children of single mothers. This evidence suggests that policies aimed at improving health of these possibly more disadvantaged parents would be beneficial for their children's cognitive and noncognitive development. Such policies would also help reduce persistence in intergenerational transmission of disadvantages (Black & Devereux, 2011) .
The positive conclusion from our analysis is that we find little detrimental effects of poor parental health on child cognitive and noncognitive skills. However, it is important to emphasize that the results we present only apply to parental health measures observed in our data; they cannot necessarily be generalized to the effects of other health conditions. Also, they cannot be generalized to the case of parental health in other countries. Caution must also be exercised in interpreting the findings to ultimately mean that poor parental health does not worsen child cognitive and noncognitive development.
There are three potentially limiting features of our analysis. First, our measures of parental health are all subjective so they may be subject to measurement errors. Second, parental health measures available in our dataset may not capture traumatic health shocks experienced by the parents and this should be taken into account when interpreting our results. Third, although our results have been proven to be robust to various sensitivity tests, including controlling for some important time-varying characteristics and employing an FE IV approach, we cannot totally rule out that our results are driven by other time-varying unobserved characteristics or reverse causality. These limitations thus prevent us from interpreting our estimated impact of parental health on child outcomes as causal. This work has highlighted the importance of controlling for individual heterogeneity and using more objective measures of child noncognitive skills when modelling the effects of parental health on child development. Future work should take these important methodological implications into account when extending the topic to other countries' data. Further studies using better parental health measures or employing more robust econometric methods to study the subject are also worthwhile.
